In this paper, the effect of renewable energy resources (RERs), demand response (DR) programs and electric vehicles (EVs) is evaluated on the optimal operation of a smart distribution company (SDISCO) in the form of a new bi-level model. According to the existence of private electric vehicle parking lots (PLs) in the network, the aim of both levels is to maximize the profits of SDISCO and the PL owners. Furthermore, due to the uncertainty of RERs and EVs, the conditional value-at-risk (CVaR) method is applied in order to limit the risk of expected profit. The model is transformed into a linear single-level model by the Karush-Kuhn-Tucker (KKT) conditions and tested on the IEEE 33-bus distribution system over a 24-h period. The results show that by using a proper charging/discharging schedule, as well as a time of use program, SDISCO gains more profit. Furthermore, by increasing the risk aversion parameter, this profit is reduced.
Introduction
Nowadays, the planning and operation of the smart distribution company (SDISCO) with the penetration of electric vehicles (EVs) has been complicated due to uncontrolled charging, controlled charging and smart charging/discharging. If uncontrolled charging for the operation of EVs is used, the penetration of EVs yields improper results such as increasing losses [1, 2] , growing demand [3, 4] , unbalancing of the load [5, 6] , voltage drop [7] , increasing of total harmonic distortion [8, 9] , decreasing of cable and transformer life [10, 11] , etc. However, by using the controlled charging and smart charging/discharging schedule, as well as the vehicle-to-grid (V2G) capability of EVs, the performance of SDISCO is improved. For instance, in [12] , by using EVs along with solar panels in a practical form, the peak load is shifted. In [13] , the system frequency and continuous supply of demand are controlled in a hybrid power system involving renewable energy resources (RERs), the battery energy storage system and V2G capability. In [14] , by modeling the EVs, especially V2G capability and idle mode, a hierarchical coordinated model is designed for the maximization of economic benefit and solving the network unbalancing and congestions. In [15] , by proposing a technical and environmental scheduling model of EVs, the operation cost and CO 2 emission are minimized by considering V2G capability.
1.
Presenting a new risk-based bi-level model with respect to the SDISCO and PL owner and uncertainties. 2.
Creating a linear single-level model by using KKT conditions and auxiliary binary variables. 3.
Considering simultaneously RERs and EVs, as well as PBDR and IBDR programs and their uncertainties for the optimal operation of SDISCO. 4 .
Presenting a risk aversion parameter and market price sensitivity analysis of the optimal operation of SDISCO.
The rest of the manuscript is organized as follows. The DR model is explained in Section 2. The formulation of the bi-level model is explained in Section 3. Numerical results are discussed in Section 4. Finally, conclusions are reported in Section 5.
Load-Based DR Model
The demand (P) sensitivity with respect to the price (Pr) is defined as elasticity. (1) Based on (1), the load is divided into two types, single-period and multi-period loads. In the first type, known as self-elasticity, the value of elasticity is negative, while in the second type, known as cross-elasticity, the value is positive. E(t, t) ≥ 0 E(t, t ) ≥ 0 (2) Based on Figure 1 , DR programs are divided into two main groups involving PBDR programs and IBDR programs. The PBDR programs are voluntary programs; however, the IBDR programs include voluntary programs, mandatory programs and market clearing programs. Therefore, for the load economic model, we will have [26] : P(t) = P 0 (t) × 1 + E(t, t) ×
Pr(t)−Pr 0 (t)+A(t)+PEN(t)
Pr 0 (t) + 24 ∑ t =1,t 1 t Pr(t )−Pr 0 (t )+A(t )+PEN(t ) Pr 0 (t ) × E(t, t )
According to (3) , it will be clear how the consumption of customers (P(t)) will change to obtain the maximum profit. The SDISCO is responsible for implementing DR programs. Despite the many benefits of DR, there is an additional cost. This cost (C DR ) is presented in (4). C DR = (A(t) × (P 0 (t) − P(t))) − PEN(t) × (P con (t) − (P 0 (t) − P(t))) ( 
4)
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Based on Figure 1 , DR programs are divided into two main groups involving PBDR programs and IBDR programs. The PBDR programs are voluntary programs; however, the IBDR programs include voluntary programs, mandatory programs and market clearing programs. Therefore, for the load economic model, we will have [26] :
According to (3), it will be clear how the consumption of customers (P(t)) will change to obtain the maximum profit. The SDISCO is responsible for implementing DR programs. Despite the many benefits of DR, there is an additional cost. This cost (C DR ) is presented in (4). 
Problem Formulation

Bi-Level Model
In this section, a bi-level model is proposed for the operational scheduling. In this model, the main objective of SDISCO is to maximize the profit. This is the upper level problem. Simultaneously, the objective function must also maximize the profits of the PL owner, which is the lower level problem. The proposed upper level, including the objective function and constraints, is formulated in (5)- (21) . The objective function of this level is:
The important terms in Objective (5) are the revenue from the selling of energy to PL and load (first and second terms), the cost of providing power from the wholesale market (third term), the cost of energy purchased from PL (fourth term) and the cost of the implementation of the PBDR and IBDR programs. In the above equation, P ch and P dch are the power that the PL purchased from SDISCO for EVs' charging and the power that PL sold to SDISCO due to the discharging of EVs, respectively. The customers' demand after and before DR programs is described by P L, DR and P L , respectively. P Wh2G denotes the power purchased from the wholesale market by SDISCO for supplying the PL and customers. It is noted that the part of the customers' demand (P L, DR or P L ) is provided by the wind and solar units (for which the SDISCO is their owner), partly by power discharging of EVs (P dch ) and partly from the wholesale market (P Wh2G ). Furthermore, P con is the contracted power in DR programs. The electricity price of power purchased from SDISCO by PL and the electricity price of customer demand after DR are represented by Pr G2PL and Pr G2L, DR , respectively. Moreover, Pr PL2G denotes the electricity price of the power that the PL sold to SDISCO. Pr Wh2G represents the electricity price of the power purchased from the wholesale market.
Moreover, the constraints are limited to the objective function. The importance of these constraints is wind and PV generation, line current, bus voltage and power balance. These constraints are expressed in (6)-(10), respectively. It is noted that for the power flow, in this paper, a linear power flow is used based on (11)-(21) [38] .
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The lower level problem is to maximize the profit of the PL owner and can be defined as in (22), subject to the constraints in (23)- (27) .
The important terms in Objective (22) are the revenue from the selling of energy to EV owners and SDISCO (first and second terms), the cost of energy purchased from the SDISCO and RERs (third term), the cost of payment to EV owners because of participation in a V2G interaction (fourth term) and the cost of battery depreciation (fifth term). Suppose that the cost of payments to the EV owner is 70% of the received profit due to the selling of PL energy to SDISCO.
In addition, a proper smart charging/discharging schedule of EV must be considered. In fact, with the arrival of the EVs to the PL with the initial SOC and the departure of EVs from the PL with the desired SOC, the charging/discharging schedule should be able to meet the requirement of the EV owner. The minimum and maximum of SOC, EVs' SOC at each time [12] , charging/discharging rate (P max ) and desired SOC of each EV are the constraints of this schedule, which are explained in (23)- (27) , respectively.
Reformulation as Mathematical Programming with Equilibrium Constraints
To obtain the global optimum in the bi-level model, involving upper level and lower level problems, they must be solved in a joint manner. Therefore, it is necessary to transform the bi-level model into a single level model. Forasmuch as the lower level model is linear and convex, the KKT condition is used, in this paper. The KKT condition consists of a series of equal and new inequality constraints, which are inherently non-linear. The reason why this method is non-linear is the presence of complementary constraints, which are shown as 0 ≤ a⊥b ≥ 0. In fact, we are faced with the following objective function and constraint after converting the bi-level model to the single-level [39, 40] :
Objective function: maximization of the profit of SDISCO (upper level objective function). Subject to:
• For converting to the single-level, firstly, the Lagrange function must be created. Therefore, the Lagrange function of the lower level problem can be written as (28) .
As mentioned, the KKT conditions contain Equalities (29)- (31) and complementarity constraints (32) . Furthermore, the linear disjunctive inequalities (33) are used to cope with the nonlinearity of complementary (32) . It is noted that the dual variables whose relations are equality constraints as Constraints (24) and (27) are unrestricted.
Therefore, the linearization of the constraints (32) based on (33) is as follows [40] :
Risk-Based Bi-Level Model
In the optimization problem, which is carried out in the presence of uncertainties, risks of the objective function should be considered to avoid undesired situations. The risk control of profit with non-desirable properties, e.g., with a high probability and low profit, is important when the stochastic programming models are formulated. The most usual way of managing the risk is including a term of measuring the risk associated with a profit distribution in the problem. This term is usually referred to as a risk functional or a risk measure [27] .
Since all four properties that define coherent risk measures, i.e., invariance, subadditivity, positive homogeneity and monotonicity, are considered in CVaR, CVaR is the most used measure in problems related to the power market. The CVaR at the α confidence level, α-CVaR, is equal to the expected profit of the (1 − α) × 100% scenarios with the lowest profit. The CVaR can be formulated as (46)-(48) [27] :
Note that the parameter α is typically assigned within the interval of 0.90-0.99. In this paper, it is set to 0.95. Therefore, the formulation of the risk-based objective function including the CVaR is (49):
Problem Solving Process
Since this problem has different uncertainties, a stochastic programming is used to solve the objective function. The following five uncertainties are considered in this paper:
1.
Wind generating units' uncertainty: Because wind speed is intermittent, many experiments prove that stochastic wind speed in many regions roughly pursues the Weibull PDF. The output of the wind unit can be obtained through the linear relationship between wind speed and wind turbine output [41] . 2.
Solar generating sources uncertainty: Predominantly illumination intensity affects the output of PV. In [41] , it is shown that the distribution of solar irradiance is characterized by using of Weibull PDF. The output of PV can be obtained through the linear relationship between irradiance and photovoltaic array output. 3.
Arrival time of EV to PL uncertainty 4.
Departure time of EV to PL uncertainty 5.
Initial SOC of EV uncertainty
Obtaining sufficient historical data for determining the exact PDF of the uncertainty in the estimation of initial SOC for the duration of the presence of EVs in PL is very difficult. However, most of the studies have reasonably suggested that a truncated Gaussian distribution PDF can be used [38] .
Moreover, a scenario tree of all uncertainties is generated with the Monte Carlo method. Then, the scenarios are reduced with the concept of Kantorovich distance (K-distance). These are the binary and integer decision variables in the linear single-level model. Therefore, considering all the relations, the proposed model is the mixed-integer linear programming (MILP) problem. Therefore, in this paper, the simulation is carried out through the CPLEX solver of GAMS. The simulation has been implemented in a laptop with Core i7 up to 3.5 GHz CPU, 12 GB RAM (DDR4) and 4 MB cache. The flowchart of the stochastic programming-based operational scheduling of SDISCO is shown in Figure 2 . [38] .
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Numerical Results
For the case study, a standard IEEE 33-bus distribution system is considered over a 24-h period. The required data, such as modified load, resistance and reactance of lines and the maximum line current limit of this test system that is shown in Figure 3 , are from [42] . 
For the case study, a standard IEEE 33-bus distribution system is considered over a 24-h period. The required data, such as modified load, resistance and reactance of lines and the maximum line current limit of this test system that is shown in Figure 3 , are from [42] . The required specifications of the wind and PV unit are summarized in Table 1 [41] . Figure 4 shows the profiles of the PV and wind unit generation. The total generation of the PV and wind unit over a 24 h period is about 2.840 and 7.386 MWh, respectively. At first, two extreme cases, i.e., risk-neutral (without taking into account risk, β = 0) and riskaverse (with fully taking into account risk, β = 1), are investigated from the SDISCO profit point of view. In Table 6 are shown the results of the mentioned programs. Based on this table, TOU is the best program. Furthermore, with increasing β (taking into account risk), the amount of profit is reduced. TOU is the best DR program, so in the following, by changing the β (zero and one), a more comprehensive review is carried out from the perspective of profit, customers′ load, power purchased from the wholesale market, power exchange between SDISCO and PL and losses. The modified details of the EV's probability distributions are expressed in Table 2 . Furthermore, the PL is installed on Bus 11. It is amused that 500 EVs are parked in PL. The power factor of customer's loads and wind and PV units is 0.95 lagging and one, respectively. The specification of EVs is explained in Table 3 [38] . The price elasticity of the demand is considered, as listed in Table 4 [26] . In order to study the operational scheduling, TOU, CAP and combined TOU and CAP are considered, as respectively Table 5 . The hourly prices of the energy market are extracted from [42] . Furthermore, suppose that 20% of customers participate in the DR programs, i.e., 20% of the total load. At first, two extreme cases, i.e., risk-neutral (without taking into account risk, β = 0) and risk-averse (with fully taking into account risk, β = 1), are investigated from the SDISCO profit point of view. In Table 6 are shown the results of the mentioned programs. Based on this table, TOU is the best program. Furthermore, with increasing β (taking into account risk), the amount of profit is reduced. TOU is the best DR program, so in the following, by changing the β (zero and one), a more comprehensive review is carried out from the perspective of profit, customers' load, power purchased from the wholesale market, power exchange between SDISCO and PL and losses. Table 7 indicates the costs and revenue in dollar terms, in the TOU program. Without the SDISCO taking into account the risk, i.e., β = 0, more power exchange with PL happens, which leads to buying less power from the wholesale market. In this situation, the profit of SDISCO is increased. Based on this table, by taking into account risk, total profit is reduced by about 5.28%. Furthermore, only the amount of selling of energy to the load is equal in the two cases, because the SDISCO must meet the customer's demand. The customer's load with/without the TOU program is shown in Figure 5 . The reduction of demand is about 1.550 MWh by the implementation of this program. SDISCO taking into account the risk, i.e., β = 0, more power exchange with PL happens, which leads to buying less power from the wholesale market. In this situation, the profit of SDISCO is increased. Based on this table, by taking into account risk, total profit is reduced by about 5.28%. Furthermore, only the amount of selling of energy to the load is equal in the two cases, because the SDISCO must meet the customer′s demand. The customer′s load with/without the TOU program is shown in Figure  5 . The reduction of demand is about 1.550 MWh by the implementation of this program. The amount of power purchased from the wholesale market in the two cases is shown in Figure  6 . Based on Figure 6 , before the EVs′ arrival, some parts of the load are supplied by RERs generation. Furthermore, with the presence of EVs in PL at mid-peak and off-peak periods, charging of EVs occurs. In the on-peak period, i.e., 14-20, due to discharging of EVs for supplying customers′ load, the purchasing energy from the wholesale market is severely reduced. In addition to the SDISCO supplying load and charging of EVs in two cases, i.e., β = 0 and β = 1, about 63.278 and 63.323 MWh of energy is purchased from the wholesale market, respectively. The amount of power purchased from the wholesale market in the two cases is shown in Figure 6 . Based on Figure 6 , before the EVs' arrival, some parts of the load are supplied by RERs generation. Furthermore, with the presence of EVs in PL at mid-peak and off-peak periods, charging of EVs occurs. In the on-peak period, i.e., 14-20, due to discharging of EVs for supplying customers' load, the purchasing energy from the wholesale market is severely reduced. In addition to the SDISCO supplying load and charging of EVs in two cases, i.e., β = 0 and β = 1, about 63.278 and 63.323 MWh of energy is purchased from the wholesale market, respectively. Smart charging/discharging scheduling of 500 EVs in PL in the two cases is shown in Figure 7 . Based on Figure 7 , the total amount of power for charging of EVs in β = 0 and β = 1 is 15.175 and 14.248 MWh, respectively. Furthermore, the amount of power that PL puts back into the grid (discharging power) in β = 0 and β = 1 is 2.912 and 2.120 MWh, respectively. The reason for the low amount of power discharging is that most of the EVs leave the PL from 20:00, and there is no time for recharging of EVs, so virtually, a large number of EVs does not participate in the discharging program. Moreover, at Hours 14, 15, 19 and 20, the price of wholesale market energy is lower than the price of discharging EVs' energy. Therefore, the SDISCO prefers to purchase power from the wholesale market. Smart charging/discharging scheduling of 500 EVs in PL in the two cases is shown in Figure 7 . Based on Figure 7 , the total amount of power for charging of EVs in β = 0 and β = 1 is 15.175 and 14.248 MWh, respectively. Furthermore, the amount of power that PL puts back into the grid (discharging power) in β = 0 and β = 1 is 2.912 and 2.120 MWh, respectively. The reason for the low amount of power discharging is that most of the EVs leave the PL from 20:00, and there is no time for recharging of EVs, so virtually, a large number of EVs does not participate in the discharging program. Moreover, at Hours 14, 15, 19 and 20 , the price of wholesale market energy is lower than the price of discharging EVs' energy. Therefore, the SDISCO prefers to purchase power from the wholesale market. Smart charging/discharging scheduling of 500 EVs in PL in the two cases is shown in Figure 7 . Based on Figure 7 , the total amount of power for charging of EVs in β = 0 and β = 1 is 15.175 and 14.248 MWh, respectively. Furthermore, the amount of power that PL puts back into the grid (discharging power) in β = 0 and β = 1 is 2.912 and 2.120 MWh, respectively. The reason for the low amount of power discharging is that most of the EVs leave the PL from 20:00, and there is no time for recharging of EVs, so virtually, a large number of EVs does not participate in the discharging program. Moreover, at Hours 14, 15, 19 and 20 , the price of wholesale market energy is lower than the price of discharging EVs' energy. Therefore, the SDISCO prefers to purchase power from the wholesale market. Table 8 shows the amount of losses in these two cases. According to the table, charging/discharging of EVs increases/decreases the network losses. Furthermore, the total amount of losses in the β = 0 and β = 1 situations is 2.288 and 2.467 MW, respectively. Furthermore, since in the risk-averse mode, more power is purchased from the wholesale market, the network losses are increased. Furthermore, the effect of the risk aversion parameter, i.e., β, on the optimal operational scheduling of SDISCO from the profit point of view is shown in Table 9 . Based on this table, the reduction of profit and increase of CVaR are achieved by increasing β. Low/high levels of risk are associated with high/low expected profit. The solution time is also shown in this table. By β = 1, the problem is very complicated, and more time is needed for solving.
Finally, since there is volatility in the market price, the sensitivity analysis is carried out for investigating the effect of changing the electricity price on the SDISCO's profit in β = 1. According to Figure 8 , by increasing/decreasing the price of electricity, the profit of SDISCO decreases/increases. As a result, if the price of electricity is reduced 15%, the profit increases about 51%. Furthermore, the effect of the risk aversion parameter, i.e., β, on the optimal operational scheduling of SDISCO from the profit point of view is shown in Table 9 . Based on this table, the reduction of profit and increase of CVaR are achieved by increasing β. Low/high levels of risk are associated with high/low expected profit. The solution time is also shown in this table. By β = 1, the problem is very complicated, and more time is needed for solving.
Finally, since there is volatility in the market price, the sensitivity analysis is carried out for investigating the effect of changing the electricity price on the SDISCO′s profit in β = 1. According to Figure 8 , by increasing/decreasing the price of electricity, the profit of SDISCO decreases/increases. As a result, if the price of electricity is reduced 15%, the profit increases about 51%. 
Conclusions
A new risk-based bi-level model for operational scheduling of SDISCO was presented in this paper to address the uncertainties with RERs and EVs. At each level, the aim was maximizing the profits. For solving the problem, KKT conditions and a method based on auxiliary binary variables and sufficiently large constants were used. Furthermore, TOU, CAP and combined TOU and CAP programs were considered. The results indicated that:
•
In this model, in each case (with/without taking into account risk), by the implementation of the TOU program, the SDISCO achieved more profit due to selling more energy to the customers and PL.
• By using proper charging/discharging scheduling of EVs, EVs' charging was carried out at the off-peak or mid-peak periods. Moreover, EVs' discharging occurred during the on-peak period. This discharging could not happen at 14:00, 15:00, 19:00 and 20:00, because in these time slots, the price of the EVs' discharging power was higher than the one of the wholesale market, so the SDISCO preferred to provide energy from the wholesale market.
• By taking the risk into account, i.e., β = 1, SDISCO has obtained less profit, because of purchasing more energy from the wholesale market and also due to low charging/discharging of EVs.
• By increasing/decreasing the price of electricity, the profit of SDISCO decreases/increases.
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